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The Four Waves of Rl

First Wave

Second Wave

Third Wave

Fourth Wave
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Good at reasoning, but no
ability to learn or
generalize.

* GOFAI - "Good OlId
Fashioned AL."

» Symbolic, heuristic, rule
based.

* Handcrafted knowledge,
"expert systems."

Good at learning and
perceiving, but minimal
ability to reason or
generalize.

« Statistical learning, "deep
neural nets, CNNs, RNNs.

* Advanced text, speech,
language and vision
processing.

Excellent at perceiving,
learning and reasoning,
and able to generalize.

» Contextual adaptation,
able to explain decisions.

» Can converse in natural
language.

* Requires far fewer data
samples for training.

 Able to learn and function
with minimal supervision.
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Able to perform any
intellectual task that a
human can.

* AGI (Artificial General
Intelligence), possibly
leading to ASI (Artificial
Superintelligence) and the
"Technological Singularity."
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Six Kin Development (adapted from DARPA's "Three Waves of Al")




Artificial Intelligence: Image Coloring

100 year old pictures...

Credit to ColdFusion



Reinforcement Learning in AlphaGo

Credit to DeepMind



Standard Neural Network

Credit to Ramin Hasani, MIT.



COVID 19 Pandemic
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Outline:

Incorporate Physics Knowledge and Al to design new
Interpretable models

Incorporate Physics Knowledge into Al to predict multiscale problems:
NH-PINN

Interpretable Al enables data-driven scientific discovery with
uncertainty quantification capabiltyi AL ZHE|I MERGs Di seas
Prediction

Sparse Neural Architecture Design with quantified uncertainties

Scalable training large-scale Deep Neural Network



How to incorporate Physics Knowledge and Al
design new interpretable modelsthiterpretable
Al for Science

1. EhsarKharazmiMin Cai,XiaoningZzhengGuangdLin,GeorgeEmKarniadakisldentifiability and predictability of integer-
and fractional-order epidemiological models using physics-informed neural networks, Nature Computational
Science, 1, 744-753, 2021

2. ShengZhangJoanPonce ZhenZhangGuangL.in,GeorgeKarniadakisAn integrated framework for building trustworthy
data-driven epidemiological models: Application to the COVID-19 outbreak in New York City, PLoS
Computional Biology 17(9): e1009334. https://doi.org/10.1371/journal.pcbi. 1009334



Predicting the COVID-19 pandemic
with uncertainties using trustworthy
data-driven epidemiological models

EhsarKharazmiMin Cai,XiaoningZhengGuand.in,GeorgeEmKarniadakisldentifiability and predictability of integer-
and fractional-order epidemiological models using physics-informed neural networks, Nature Computational
Science, 1, 744-753, 2021

2. ShengZhangJoanPonce ZhenZhangGuangdLin,GeorgeKarniadakisAn integrated framework for building trustworthy
data-driven epidemiological models: Application to the COVID-19 outbreak in New York City, PLoS
Computional Biology 17(9): €1009334. https://doi.org/10.1371/journal.pcbi.1009334
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A general framework for building a trustworthy data-driven epidemiological model

Unique parameters Prediction only

() (D (11D

Data acquisition T Epidemiological Segg 4. (ifiability Identifiable?
and event model

timeline development

v)

Sensitivity
analysis analysis

(VII) (VD)

V)
Forecasting with Model Model
uncertainties robustness

. . calibration
and scenarios analysis

ShengZhangJoanPonce ZhenZhang GuangLin,GeorgeKarniadakisAn integrated framework for
building trustworthy data-driven epidemiological models: Application to the COVID-19 outbreak
in New York City, PLoS Computional Biology 17(9): e1009334.
https://doi.org/10.1371/journal.pcbi.1009334



New York City COVID-19 related Event Timeline

Calibrate piecewise-constant model parameters to capture local epidemiological dynamics
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New York City COVID-19 related Event Timeline
Calibrate piecewise-constant model parameters to capture local epidemiological dynamics
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Epidemiological Model Deve
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Calibrated COVID-19 Transmission Rate for New York City

Calibrate piecewise-constant model parameters to capture local epidemiological dynamics
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Forecasting with Uncertainties and Scenarios

No indoor dining
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Physics Informed Neural Networks (PINNS)

Forward
(FraCtlonaI) MOdeI : “i; a; nj,.m-u va . v

flte  "Q 6’h Q

Inverse

fi¥ A (nonrlocal) differential operator with parametgts

A flexible computational tool to studymodel uncertainty
Incorporatedata anddifferent models

Accuratefitting to data

Inferring model parameters amtiscoveringunobserved dynamics

1. EhsarKharazmiMin Cai,XiaoningZheng,GuangLin,GeorgeEmKarniadakisldentifiability and
predictability of integer- and fractional-order epidemiological models using physics-
informed neural networks, Nature Computational Science, 1, 744-753, 2021



Different Epidemiological Models

Integer-Order Models (simple to complex models)

nodeI\J<

=

model\]

>

._>

-

model \l : S L]

hodel \|

Fractional-Order and Time-Delay Models (add memory effects)
model M

B

model Vl




PINNSs for (Fractional) Epidemiological Models

Fitting data and discovering unobserved compartments
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PINN Results: Model Uncertainty based on NYC dataset
Fitting the data accurately Discoveringunobserved dynamics  Inferring model paramete
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Fractional Order Models Introduce Memory in the Dynamics

Caputo fractional derivative of ordém 1ip : a convolution type integro-differential operator
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Summary

This is the first work to employ structural and practical identifiability tools to
study COVID-19 model identifiability based on the available data.

A general data-driven epidemiological modeling framework is developed, which
seamlessly integrates model identifiability, model sensitivity analysis, model
calibration, model prediction with confidence intervals, and evaluating control
strategies under uncertainties.

We treat beta (transmission rate), p (proportion of isolated individuals), and q
(proportion of disease-related deaths) as time-dependent piece-wise model
parameters and calibrate them using the available New York City COVID-19
dataset.

The developed COVID-19 model is employed to evaluate the effects of
vaccination deployment scenarios.

We developed a flexible computational framework using physics-informed
neural networks (PINNSs) to study model uncertainty and discover time-
dependent parameters.



Outline:

Incorporate Physics Knowledge and Al to design new interpretable
models

Incorporate Physics Knowledge into Al to predict multiscale
problems: NH-PINN

Interpretable Al enables data-driven scientific discovery with _
uncertainty quantification capabiltyi AL ZHE|I MERGs Di seas
Prediction

Sparse Neural Architecture Design with quantified uncertainties

Scalable training large-scale Deep Neural Network



NH-PINN: Neural homogenizationbased the
physics-informed neural network for the

multiscale problems

Wing Tat Leung, Guang Lin, Zecheng Zhang,-RHNN: Neural homogenization
based Physiemformed Neural Network for Multiscale Problems, 2022,
https://arxiv.org/abs/2108.12942



@ Physics-informed nerual network (PINN)

© Homogenization

© Neural homogenization based PINN (NH-PINN)
Q@ Numerical examples

Wing Tat Leung, Guang Lin, Zecheng Zhang. NH-PINN: Neural homogenization
based the physics-informed neural network for the multiscale problems.
arXiv:2108.12942.



Physics-informed nerual network (PINN)

L(u)= finQ
B(u) = b on 012

where L is a differential operator and B is the boundary condition operator. f is
the given source term, b is the given boundary condition.

‘ w
mm—Z\ﬁ Fs(pi)) ZZ\B (Fa(q:)) — b(a)]?, (1)

where w; + wy = 1 are the positive weights; {p;} C €2, {¢;} C 0Q and Ny, N, are
the number of points used in discretizing the domain and boundary respectively,
F5(-) is the network and /3 is the parameters associated with the network.



— V- (kVu(z)) = f,z € Q,
u =0,z € J1,

where 2 = [0, 7| and f =sin(z), k(x) = 0.5sin(27x/€) + 2, where € =

GO =

Classical PINN and reference solution Relative error {classical PINN)

Figure: Left: demonstration of the permeability x(z) = 0.5sin(27x/€) + 2, where
e = 1/8. Middle: learnt solution by the classical PINN vs the reference solution. Right:

relative error as a function of the training epochs. The average error of the last 500
epochs is 0.987471.



Homogenization

Consider we are solving:

S G LR 0) B )
with u.(x) = 0 on 9€2. The asymptotic expansion:
Ue = Up + €Ul + € us + ... (3)
@ Solve the cell problem:
e (W5 ) = o) (@
X is periodic in y with mean 0. (5)

© Solve the homogenized equation:

o (. 8\
5 (%5, )= )

where aj; = [y (aij + ain 5= d’b" Yy




Neural homogenization based PINN (NH-PINN)

Proposed NH-PINN:

@ Solve the cell problems using PINN.
© Evaluate the homogenized coefficients.
@ Solve the homogenized equation using PINN.

Oversampling (to improve PINN accuracy for solving periodic problems):

Figure: Oversampling mesh demonstration.

Suppose w; + w9 + w3 = 1 are positive constants, the new loss function:

wq

min {— Z IL(Fa(pi)) — f(pi)l° + wa|(Fp(qr) — Fplge)|?

3 —
1=1

No
w: = € : righ right
S (I(F.a(qi 1Y Fal T2 + |(Fa(@™) — Fap! g’“)F)}-



Notations for the numerical examples

Solution notation  Cell problems solver Homogenized equation solver
p(x) PINN PINN
v(x) FEM FEM
w(x) PINN FEM

Table: Notations of the solutions. u. which is not listed here is the reference solution
which solves the multiscale PDE directly by fine scale finite element methods.

Relative errors:

_ lp(z) —uc(@)l| ~_ [w(z) —ue(z)]
luell lue()|
_ p(@) —wlz)|| _ [Jv(z) —uc(z)]]

y €4 =
lw(@)]| el |

€1

where ||.|| is the Ly norm.



Numerical examples

We consider the following 2D elliptic equation:

0 £. 0
s (a(z>8:cz- uﬁ(x)) = filz),z €9, (7)

ue(x) = 0,z € 01, (8)

In our examples, 2 = [0, 1]? and the permeability
a(x/€) = 2 + sin(2mx1 /€) cos(2mxs/€) and € = l

eability field
00 ———
. " 5 .- " s
RN e
»
. " 5 »
& 14 140

Figure: Left: permeability of the 2D elliptic problem. Note that ¢ = 1/8. Right: the
reference solution.




Oversampling and cell problems
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Figure: 2D elliptic cell problem 1. Relative error as a function of the training epochs
for x1. Left: all training epochs; right: the last 4000 epochs. The average relative errors
of the last 300 epochs for the oversampling and without oversampling are 0.072034 and
0.326963 respectively.
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Figure: 2D elliptic cell problem 2. Relative error as a function of the training epochs
for x2. Left: all training epochs; right: the last 4000 epochs. The average relative errors

of the last 300 epochs for the oversampling and without oversampling are 0.071396 and
0.312961 respectivelv.



Convergence results

assical PINM the last 15
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Figure: 2D elliptic problem by the classical PINN. Relative error as a function of the
training epochs, the entire history (left), the last 1500 epochs (right).
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Figure: 2D elliptic cell problem e; and e3 relative errors (NH-PINN) with respective to
the training epochs. Left: history of all training epochs; right: history of the last 1200
epochs.




Analysis and transfer learning

Errors:

€1 €2 €3 €4
0.082994 0.0212534 0.076604 0.021316

Table: Relative errors for the 2D elliptic problem.

Transfer learning: We use the trained NH-PINN network to initialize the PINN.
The failure shows that the minimizers of two loss functions are not closed. Modify
the PINN loss function should be the future.

epachs

Figure: 2D elliptic transfer learning of classical PINN.



Conclusion

@ We find that PINN accuracy on solving multiscale problems degenerates. We
propose a 3-step approach, neural homogenization based PINN (NH-PINN).
We first apply PINN to solve the cell problems which are used to derive the
homogenized equation; the homogenized equation can then be easily solved

by PINN.

© We propose an oversampling strategy to solve the periodic PDE by PINN;
this method greatly improves the accuracy of the PINN when solving the high
dimensional periodic problems.

© We also observe that NH-PINN can improve the homogenization accuracy. If
we apply PINN to implement homogenization, the solution may be more
accurate than the traditional numerical methods. PINN may be a potential
alternative of implementing the homogenization.



Outline:

Incorporate Physics Knowledge and Al to design new interpretable
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Interpretable Al:

Question: Can we use available observation data to
discover the physical laws?

Goal: Enable Data-driven Scientific Discovery?

S. Zhang, G. Lin, Robust data-driven discovery of governing physical laws with error bars, Proceedings of the Royal Society of London. Series
A, mathematical, physical and engineering sciences, in press, 2018.

Jiuhai Chen, Lulu Kang, Guang Lin, Gaussian process assisted active learning of physical laws,
Technometricsin press, 2020.

https://doi.orgl0.1080/00401706.2020.1817790

Sheng Zhang, Guang Lin, Robust subsampliaged threshold sparse Bayesian regression to tackle

high noise and outliers for dataiven discovery of differential equations, Journal of Computational
Physics, 428: 109962, 2021.
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AD prediction

PURDUE

UNIVERSITY

How to apply patient data (ADNI
dataset) to optimize ODEs?
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Jedynak, Bruno M., et al. "A computational neurodegenerative disease progression score: method and results with the Alzheimer's
disease neuroimaging initiative cohort." Neuroimage 63.3 (2012): 1478-1486.

Progression of ADNI biomarkers
as function of the Alzheimer's
Disease Progression Score (ADPS)

Normal-MNormal

o Disease progression score
== (DPS)

- Patients’ disease progression differs in
their age of onset and rate of progression.

« Each biomarker follows a sigmoid shaped
curve.
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Initialized ODE model
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Fit ODEs with the use of patient data

Results
dA . (t
;( )_ ~1.7112-(4,(1) + 0.005) - (4, (1) = 1) + 0.0045;
dr (t ﬁ
r;( ) =—0.0276- A, (1) +3.6918- 4;(1)—0.2498 7, (1)[7, () —1+14.2932- 4, (1)];
dz;fr) =—0.5106-7,(t)+1.0708- 7, (1) —1.0257 - N(1)[ N (1) =1+ 0.5533 -7, ()]
dC(t)

= -0.0017-N(#)+5.9-107 - N2(£) = 0.0372-C(H)[C(t) =2 - 0.0118- N (¢)]

dt
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Abeta v.s. DPS
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Outline:

Incorporate Physics Knowledge and Al to design new interpretable
models

Incorporate Physics Knowledge into Al to predict multiscale problems:
NH-PINN

Interpretable Al enables data-driven scientific discovery with _
uncertainty quantification capabiltyi AL ZHE|I MERGs Di seas
Prediction

Sparse Neural Architecture Design with quantified uncertainties

Scalable training large-scale Deep Neural Network



Sparse Neural Architecture Design with quantified uncertainties:

Question: Can we develop a fast, small & accurate deep neural
network with better interpretability and less demanding on the
computational resource?

Goal: Enable Fast Interpretable Nonlinear Data-driven Scientific
Discovery.

W. Deng, X. Zhang, F. Liang, G. Lin, An adaptive empirical Bayesian method for sparse
deep learning, 2019 Conference on Neural Information Processing Systems (NIPS),
Dec. 81 Dec. 14, 2019, Vancouver, Canada.

NeurIPS'19, NeurIPS20, ICML'20, ICLR21, JCP"20, ]¢P'Zla, JCP'21b






